The CDC Vaccine Safety Datalink project has pioneered the use of near real-time post-market vaccine safety surveillance for the rapid detection of adverse events. Doing weekly analyses, continuous sequential methods are used, allowing investigators to evaluate the data nearcontinuously while still maintaining the correct overall alpha level. With continuous sequential monitoring, the null hypothesis may be rejected after only one or two adverse events are observed. In this paper, we explore continuous sequential monitoring when we do not allow the null to be rejected until a minimum number of observed events have occurred. We also evaluate continuous sequential analysis with a delayed start until a certain sample size has been attained. Tables with exact critical values, statistical power and the average times to signal are provided. We show that, with the first option, it is possible to both increase the power and reduce the expected time to signal, while keeping the alpha level the same. The second option is only useful if the start of the surveillance is delayed for logistical reasons, when there is a group of data available at the first analysis, followed by continuous or near-continuous monitoring thereafter.
Introduction
Post-market drug and vaccine safety surveillance is important in order to detect rare but serious adverse events not found during pre-licensure clinical trials. Safety problems may go undetected either because an adverse reaction is too rare to occur in sufficient numbers among the limited sample size of a phase three clinical trial, or because the adverse reaction only occur in a certain sub population that was excluded from the trial, such as frail individuals.
In order to detect a safety problem as soon as possible, the CDC Vaccine Safety Datalink project pioneered the use of near real-time safety surveillance using automated weekly data feeds from electronic health records [1, 2, 3] . In such surveillance, the goal is to detect serious adverse reactions as early as possible without too many false signals. It is then necessary to use sequential statistical analysis, which adjusts for the multiple testing inherent in the many looks at the data. Using the maximized sequential probability ratio test (MaxSPRT) [4] , all new childhood vaccines and some adult vaccines are now monitored in this fashion [1, 5, 6, 7, 8, 9, 10, 11, 12, 13] . There is also interest in using sequential statistical methods for post-market drug safety surveillance [14, 15, 16, 17, 18, 19] , and the methods presented in this paper may also be used in either settings.
In contrast to group sequential analyses, continuous sequential methods can signal after a single adverse event, if that event occurs sufficiently early. In some settings, such as a phase 2 clinical trial, that may be appropriate, but in post-market safety surveillance it is not. In post-market vaccine surveillance, an ad-hoc rule that require at least two or three events to signal has sometimes been used, but that leads to a conservative type 1 error (alpha level). In this paper we provide exact critical values for continues sequential analysis when a signal is required to have a certain minimum number of adverse events. We also evaluate power and expected time to signal for various alternative hypotheses. It is shown that it is possible to simultaneously improve both of these by requiring at least 3 or 4 events to signal. Note that it is still necessary to start surveillance as soon as the first few individuals are exposed, since they all could have the adverse event.
For logistical reasons, there is sometimes a delay in the start of postmarketing safety surveillance, so that the first analysis is not conducted until a group of people have already been exposed to the drug or vaccine. This is not a problem when using group sequential methods, as the first group is then simply defined to correspond to the start of surveillance. For continuous sequential surveillance, a delayed start needs to be taken into account when calculating the critical values. In this paper, we present exact critical values when there is a delayed start in the sequential analysis. We also calculate the power and time to signal for different relative risks.
In addition to ensuring that the sequential analysis maintains the correct overall alpha level, it is important to consider the statistical power to reject the null hypothesis; the average time until a signal occurs when the null hypothesis is rejected; and the final sample size when the null hypothesis is not rejected. For any fixed alpha, there is a trade-off between these three metrics, and the trade-off depends on the true relative risks. In clinical trials, where sequential analyses are commonly used, statistical power and the final sample size are usually the most important design criteria. The latter is important because patient recruitment is costly. The time to signal is usually the least important, as a slight delay in finding an adverse event only affects the relatively small number of patients participating in the clinical trial, but not the population-at-large. In post-market safety surveillance, the tradeoff is very different. Statistical power is still very important, but once the surveillance system is up and running, it is easy and cheap to prolong the length of the study by a few extra months or years to achieve a final sample size that provides the desired power. Instead, the second most critical metric is the time to signal when the null is rejected. Since the product is already in use by the population-at-large, most of which are not part of the surveillance system, a lot of people may be spared the adverse event if a safety problem can be detected a few weeks or months earlier. This means that for postmarket vaccine and drug safety surveillance, the final sample size when the null is not rejected is the least important of the three metrics.
All calculations in this paper are exact, and none are based on simulations or asymptotic statistical theory. The numerical calculation of the exact critical values is a somewhat cumbersome process. So that users do not have to do these calculations themselves, we present tables with exact critical values for a wide range of parameters. For other parameters, we have developed the open source R package 'Sequential', freely available at 'cran.r-project.org/web/packages/Sequential'.
Continuous Sequential Analysis for Poisson Data
Sequential analysis was first developed by Wald [20, 21] , who introduced the sequential probability ratio test (SPRT) for continuous surveillance. The likelihood based SPRT proposed by Wald is very general in that it can be used for many different probability distributions. The SPRT is very sensitive to the definition of the alternative hypothesis of a particular excess risk. For post-market safety surveillance, a maximized sequential probability ratio test with a composite alternative hypothesis has often been used instead. This is both a 'generalized sequential probability ratio test' [22] and 'sequential generalized likelihood ratio test' [23, 24] . In our setting, it is defined as follows, using the Poisson distribution to model the number of adverse events seen [4] . Let C t be the random variable representing the number of adverse events in a pre-defined risk window from 1 to W days after an incident drug dispensing that was initiated during the time period [0, t]. Let c t be the corresponding observed number of adverse events. Note that time is defined in terms of the time of the drug dispensing rather than the time of the adverse event, and that hence, we actually do not know the value of c t until time t + W . Under the null hypothesis (H 0 ), C t follows a Poisson distribution with mean µ t , where µ t is a known function reflecting the population at risk. In our setting, µ t reflects the number of people who initiated their drug use during the time interval [0, t] and a baseline risk for those individuals, adjusting for age, gender and any other covariates of interest. Under the alternative hypothesis (H A ), the mean is instead RRµ t , where RR is the increased relative risk due to the drug/vaccine. Note that C 0 = c 0 = µ 0 = 0. For the Poisson model, the MaxSPRT likelihood ratio based test statistic is
The maximum likelihood estimate of RR is c t /µ t , so
Equivalently, when defined using the log likelihood ratio
This test statistic is sequentially monitored for all values of t > 0, until either LLR t ≥ CV , in which case the null hypothesis is rejected, or until µ t = T , in which case the alternative hypothesis is rejected. T is a predefined upper limit on the length of surveillance, defined in terms of the sample size, expressed as the expected number of adverse events under the null hypothesis. It is roughly equivalent to a certain number of exposed individuals, but adjusted for covariates. Exact critical values (CV) are available for the MaxSPRT [4] , obtained through iterative numerical calculations.
Minimum Number of Events Required to Signal
Continuous sequential probability ratio tests may signal at the time of the first event, if that event appears sufficiently early. One could add a requirement that there need to be a minimum of M events before one can reject the null hypothesis. This still requires continuous monitoring of the data from the very start, as M events could appear arbitrarily early. Hence, there is no logistical advantage of imposing this minimum number. The potential advantage is instead that it may reduce the time to signal and/or increase the statistical power of the study. Below, in Section 3.2, it is shown that both of these can be achieved simultaneously.
Exact Critical Values
In Table 1 we present the critical values for the maximized SPRT when requiring a minimum number of events M to signal. When M = 1, we get the standard maximized SPRT, whose previously calculated critical values [4] are included for comparison purposes. The exact critical values are based on numerical calculations using the R package 'Sequential'. The critical values were calculated in the same manner as the exact critical values for the Poisson based MaxSPRT [4] , with the modified requirement that the first possible time to signal is at M rather than 1 event. In brief, first note that the time when the critical value is reached and the null hypothesis is rejected can only happen at the time when an event occurs. For any specified critical value CV and maximum sample size T , it is then possible to calculate alpha, the probability of rejecting the null, using an iterative approach. Critical values are then obtained through Table 1 : Exact critical values for the Poisson based maximized SPRT, when a minimum of M events is required before the null hypothesis can be rejected. T is the upper limit on the sample size (length of surveillance), expressed in terms of the expected number of events under the null. The type 1 error is α = 0.05. When T is small and M is large, no critical value will result in α ≤ 0.05, which is denoted by '.. ' an iterative mathematical interpolation process, until the desired precision is obtained. In 3 to 7 iterations, the procedure converges to a precision of 0.00000001. Note that these numerical calculations only have to be done once for each alpha, T and M. Hence, users do not need to do their own numerical calculations, as long as they use one of the parameter combinations presented in Table 1 .
The critical values are lower for higher values of M . This is natural. Since we do not allow the null hypothesis to be rejected based on only a small number of adverse events, it allows us to be more inclined to reject the null later on when there are a larger number of events, while still maintaining the correct overall alpha level. In essence, we are trading the ability to reject the null with a very small number of events for the ability to more easily reject the null when there are a medium or large number of events. Note also that the critical values are higher for larger values of the maximum sample size T . This is also natural, as there is more multiple testing that needs to be adjusted for when T is large.
Statistical Power and Expected Time to Signal
In Table 2 we present statistical power and average time to signal for different values of M , the minimum number of events needed to signal. These are exact calculations, done for different relative risks and for different upper limits T on the length of surveillance. When T increases, power increases, since the maximum sample size increases. For fixed T , the power always increases with increasing M . This is natural, since power increases by default when there are fewer looks at the data, as there is less multiple testing to adjust for. The average time to signal may either increase or decrease with increasing values of M . For example, with T = 20 and a true RR = 2, the average time of signal is 6.96, 6.62, 6.57 and 6.96 for M = 1, 3, 6 and 10, respectively. For the same parameters, the statistical power is 0.921, 0.936, 0.948 and 0.957 respectively. Hence, when the true RR = 2 and when T = 20, both power and the average time to signal is better if we use M = 3 rather than M = 1. The same is true for M = 6 versus M = 3, but not for M = 10 versus M = 6.
The trade-off between statistical power and average time to signal is not easily deciphered from Table 2 , and it is hence hard to judge which value of M is best. Since T , the upper limit on the length of surveillance, is the least important metric, let's ignore that for the moment, and see what happens to the average time to signal if we keep both the alpha level and the power fixed. That will make it easier to find a good choice for M , which will depend on the true relative risk. Figure 1 shows the average time to signal as a function of statistical power, for different values of M . The lower curves are better, since the expected time to signal is shorter. Suppose we design the sequential analysis to have 95 percent power to detect a relative risk of 1.5. We can then look at the left side of Figure 1 to see the average time to signal for different true relative risks. We see that for a true relative risk of 1.5, time to signal is shortest for M = 10. On the other hand, for a true relative risk of 2, it is shortest for M = 6, for a true relative risk of 3, it is shortest for M = 3 and for a true relative risk of 4, it is shortest for M = 2. On the right side of Figure 1 , we show the expected time to signal when the surveillance has been designed to attain a certain power for a relative risk of 2. The results are similar. When the true relative risk is higher, it is a more serious safety problem, and hence, it is more important to detect it earlier. So, while there is no single value of M that is best overall, anywhere in the 3 to 6 range may be a reasonable choice for M . The cost of this reduced time to signal when the null is rejected is a slight delay until the surveillance ends when the null is not rejected.
Delayed Start of Surveillance
For logistical or other reasons, it is not always possible to start post-marketing safety surveillance at the time that the first vaccine or drug is given. If the delay is short, one could ignore this and pretend that the sequential analyses started with the first exposed person. One could do this either by starting to calculate the test statistic at time D or by calculating it retroactively for all times before D. The former will be conservative, not maintaining the correct alpha level. The latter will maintain the correct alpha level, but, some signals will be unnecessarily delayed without a compensatory improvement in any of the other metrics. A better solution is to use critical values that take the delayed start of surveillance into account.
Exact Critical Values
In Table 3 Table 4 : Critical values and exact alpha levels for those combinations of T , D and M for which there does not exist a critical value for α = 0.05. T is the upper limit on the sample size (length of surveillance), expressed in terms of the expected number of events under the null. D is the sample size at which the sequential analyses start, also expressed in terms of the expected number of events under the null. M is the minimum number of events required to signal. CV cons and CV lib are the conservative and liberal critical values, respectively, while α cons and α lib are their corresponding alpha levels.
null hypothesis is D, without any requirement on having a minimum umber of events to signal. When D = 0, we get the standard maximized SPRT, whose critical values [4] are included for comparison purposes. Note that the critical values are lower for higher values of D. Since surveillance is not performed until the sample size have reached D expected counts under the null, one can afford to use a lower critical value for the remaining time while still maintaining the same overall alpha level. As before, the critical values are higher for larger values of T . When D > T , the surveillance would not start until after the end of surveillance, so those entries are blank in Table 3 . When D = T , there is only one non-sequential analysis performed, so there are no critical values for a sequential test procedure. Hence, they are also left blank in the Table. With a delayed start, there are some values of T and D for which there is no critical value that gives an alpha level of exactly 0.05. For those combinations, denoted with italics, Table 3 presents the critical value that gives the largest possible alpha less than 0.05. In Table 4 , we present the exact alpha levels obtained for those scenarios, as well as the α > 0.05 obtained for a slightly smaller liberal critical value.
The exact critical values are based on numerical calculations done in the same iterative way as for the original MaxSPRT and the version described in the previous section. The only difference is that there is an added initial step where the probabilities are calculated for different number of events at the defined start time D. Open source R functions [25] have been published as part of the R package 'Sequential' (cran.r-project.org/web/packages/Sequential/).
Statistical Power and Timeliness
For a fixed value on the upper limit on the sample size T , the statistical power of sequential analyses always increases if there are fewer looks at the data, with the maximum attained when there is only one non-sequential analysis after all the data has been collected. Hence, for fixed T , a delay in the start of surveillance always increases power, as can be seen in Table 5 . For fixed T , the average time to signal almost always increases with a delayed start. The rare exception is when T is very large and the true RR is very small. For example, for T = 100 and RR = 1.5, the average time to signal is 29.9 without a delayed start, 27.2 with a delayed start of D = 3 and 27.0 with a delayed start of D = 6. With a longer delay of D = 10, the average time to signal increases to 27.4.
For fixed T , we saw that there is a trade-off between power and the time to signal, but in post-market safety surveillance it is usually easy and inexpensive to increase power by increasing T . Hence, the critical evaluation is to compare the average time to signal when holding both power and the alpha level fixed. This is done in Figure 2 . When the study is powered for a relative risk of 2, then the average time to signal is lower when there is less of a delay in the start of the surveillance, whether the true relative risk is small or large. When the study is powered for a relative risk of 1.5, we see the same thing, except when the true relative risk is small. Hence, in terms of performance, smaller D is always better.
Discussion
With the establishment of new near real-time post-market drug and safety surveillance systems [16, 26, 27, 28, 29] become a standard feature of the phramacovigilance landscape. In this paper we have shown that it is possible to reduce the expected time to signal when the null is rejected, without loss of statistical power, by requiring a minimum number of adverse events before generating a statistical signal. This will allow users to optimize their post-market sequential analyses. In this paper we calculated the critical values, power and timeliness for Poisson based continuous sequential analysis with either a minimum events to signal requirement or when there is delayed start for logistical reasons. The reported numbers are based on exact numerical calculations rather than approximate asymptotic calculations or computer simulations. From a mathematical and statistical perspective, these are straight forward extensions of prior work on exact continuous sequential analysis. The importance of the results are hence from practical public health perspective rather than for any theoretical statistical advancements.
A key question is which sequential study design to use. There is not always a simple answer to that question, as the performance of the various versions depends on the true relative risk, which is unknown. One important consideration is that the early detection of an adverse event problem is more important when the relative risk is high, since more patients are affected. As a rule of thumb, it is reasonable to require a minimum of about M = 3 to 6 adverse events before rejecting the null hypothesis, irrespectively of whether it is a rare or common adverse event. For those who want a specific recommendation, we suggest M = 4.
Critical values, statistical power and average time to signal has been presented for a wide variety of parameter values. This is done so that most user will not have to perform their own calculations. For those who want to use other parameter values, critical values, power and expected time to signal can be calculated using the 'Sequential' R package that we have developed.
It is possible to combine a delayed start with D > 0 together with a requirement that there are at least M > 1 events to signal. It does not always make a difference though. For M = 4, the critical values are the same as for M = 1, for all values of D ≥ 1. That is because with D = 1 or higher, one would never signal with less than three events anyhow. Since the critical values are the same, the statistical power and average time to signal are also the same. This means that when there is a non-trivial delayed start, there is not much benefit from also requiring a minimum number events to signal, but the 'Sequential' R package has a function for this dual scenario as well.
There is no reason to purposely delay the start of the surveillance until there is some minimum sample size D. In the few scenarios for which such a delay improve the performance, the improvement is not measurably better than the improvements obtained by using a minimum number of observed events. Only when it is logistically impossible to start the surveillance at the very beginning should such sequential analyses be conducted, and then it is important to do so in order to maximize power, to minimize the time to signal and to maintain the correct alpha level. For self-controlled analyses, a binomial version of the MaxSPRT [4] is used rather than the Poisson version discussed in this paper. For concurrent matched controls, a flexible exact sequential method is used that allows for a different number of controls per exposed individuals [30] . By default, these types of continuous sequential methods will not reject the null hypothesis until there is a minimum number of events observed. To see this, consider the case with a 1:1 ratio of exposed to unexposed and and assume that the first four adverse events all are in the exposed category. Under the null hypothesis, the probability of this is (1/2) 4 = 0.0625, which does not give a low enough p-value to reject the null hypothesis even in a non-sequential setting. Hence, the null will never be rejected after only four adverse events, even when there is no minimum requirement. One could set the minimum number of exposed events to something higher, and that may be advantageous. If there is a delayed start for logistical reasons, then it makes sense to take that into account when calculating the critical value, for these two types of models as well.
Since the Vaccine Safety Datalink [31] launched the first near real-time post-marketing vaccine safety surveillance system in 2004 [2] , continuous sequential analysis has been used for a number of vaccines and potential adverse events [1, 5, 6, 7, 8, 9, 10, 12] . The critical value tables presented in this paper has already been used by the Vaccine Safety Datalink project. As new near real-time post-market safety surveillance systems are being developed, it is important to fine-tune and optimize the performance of near-real time safety surveillance systems [16, 17, 27, 32, 33, 34] . While the improved time to signal is modest compared to the original version of the Poisson based MaxSPRT, there is no reason not to use these better designs.
